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A Bayesian Mixed Multinomial Logit Model for choice-sets and decision-makers’ 
heterogeneity
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ABSTRACT
We propose a Bayesian Mixed Multinomial Logit Model (MMLM) to deal with the critical issue of 
choice-set heterogeneity often present in policy evaluation studies enriched with microsimulated 
data. We also exploit the comparison of three clustering methods to capture decision-makers’ 
heterogeneity through a specific random effect. A case study, which aims to describe the determi-
nants of labour choices of females in couples with microsimulated fiscal variables, is the test-bed 
for our methodological proposal. By virtue of this very flexible specification of the random 
components, the Bayesian MMLM proves to be more accurate, parsimonious and consistent in 
terms of point estimates with the research field than other models.
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I. Introduction
The description of individual choices, in the pre-
sence of a set of mutually exclusive discrete alter-
natives in a choice set C, and the evaluation of 
public policies are currently jointly treated taking 
advantage of random utility models (RUMs) (Train 
2009). Moreover, recent contributions study public 
policy impacts by means of (partially) microsimu-
lated data to anticipate and estimate the effects of 
socio-economic interventions as, for instance, tax 
and benefit reforms (see, e.g. 2). Microsimulation 
models combine results from observational studies, 
real data and expert opinions to simulate unob-
served choice features under actual or hypothetical 
policies. Hence, microsimulation, matched with 
discrete choice models, has a high potential 
(Labeaga, Oliver, and Spadaro 2008), especially in 
the evaluation of public programmes.
However, as a result of the fiscal variable micro-
simulation and/or of features’ discretization (via 
sampling) of available alternatives (Aaberge, 
Colombino, and Strøm 1999), the choice set C 
often does not exhibit the required homogeneity 
across decision-makers. This violates an important 
assumption underlying RUMs; nevertheless, some 
solutions have been proposed only for voter deci-
sions with different sets of parties (Gallego et al. 
2014) and for Logit models (Guevara and Ben- 
Akiva 2013).
Our contribution is, therefore, threefold in this 
framework. First, we relax the independence of 
irrelevant alternatives (IIA) assumption (Train 
2009) and capture the decision-makers’ heteroge-
neity by specifying a Mixed Multinomial Logit 
Model (MMLM) (McFadden and Train 2000) 
within a Bayesian setting to achieve high levels of 
estimation accuracy. Second, we compare three 
clustering methods to gather decision-makers’ het-
erogeneity specifying a further random compo-
nent. Third, heterogeneity of choice sets across 
decision-makers, due to the use of partially micro-
simulated data, is explicitly modelled. We test our 
proposal in the case study described below.
II. Data and methods
We consider a sub-sample of females in couples 
(2,955) observed in the Italian Survey on 
Household Income and Wealth (SHIW) (1998) 
and enriched with some microsimulated variables 
(gross and net wages per hour, taxes and benefits) 
via EUROMOD (Immervoll, O’donoghue, and 
Sutherland 1999), according to the 1998 Italian 
fiscal system (Colombino, 2015). Each female – 
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aged between 20 and 55, neither retired nor stu-
dent – is offered the same number I of job-types 
(ten plus the non-working option, labelled 0). In 
SHIW, jobs are defined by 1 of 10 8-h intervals 
which map from 1 to 80 weekly working hours 
(wwh). To microsimulate fiscal variables, a unique 
integer number of wwh within the specific interval 
of each job-type must be selected. Here eight dif-
ferent choice sets are engendered including 10þ 1 
job-types with increasing amounts of wwh as 
shown in Figure 1. Hereafter, each female j 2
f1; . . . ; Jg and her partner in the couple are ran-
domly assigned to a choice set h, with h ¼ 1; ::; 8, 
i.e. Cj ¼ Ch1
To model female job preferences, available vari-
ables are partitioned in two groups: variables 
directly introduced in the analysis since typically 
employed as covariates in this literature (wwh, 
gross wages, age, number of children, alternatives 
in the choice set, taxes and benefits) (Colombino, 
2015), and ‘auxiliary’ variables (listed in columns of 
Table 2) exploited to group homogeneous females 
by means of cluster analyses.
While in recent labour studies (Colombino 2013; 
Colombino, 2015) the presence of heterogeneous 
choice sets is ignored and the decision-makers’ 
heterogeneity is not always explored in depth, 
here we explicitly address these issues by introdu-
cing a more flexible Bayesian MMLM, relying on 
clustering methods.
In our RUM, each female j 2 f1; . . . ; Jg is 
endowed with a random utility UijjCh : chi ! IR 
for each alternative chi in her choice set Ch ¼
fch1; ch2; . . . ; chI g to reflect her job preferences. 
Every Uij is the sum of a score, Vij, assigned to 
each chi 2 Ch, and a zero mean stochastic compo-
nent, εij, that accommodates sources of uncertainty 
(Train 2009). Hence, 
E½UijjCh� ¼ VijjCh ¼ x0ijβþ z0hjγhj (1) 
where xij is a r � 1 vector of covariates, β denotes 
the corresponding vector of fixed effects, while zhj 
represents a s� 1 design vector and γhj is a vector 
of individual-specific and choice set–specific ran-
dom effects. Errors εij are standard Gumbel which 
lead to the well-known MMLM; this heavier tail 
assumption accommodates ‘slightly more aberrant 
behaviour than the normal’ [1, p. 39]. The resulting 
MMLM relaxes the IIA assumption (Train 2009) 
and accounts for heterogeneity (crucial for evaluat-
ing public policy impacts (Aaberge, Colombino, 
and Strøm 1999)) of both females and choice-sets.
Going into detail, the probability πij that job i ¼
1; . . . ; I is selected by female j ¼ 1; . . . ; J can be 
written as 




�Cj ¼ ChÞ ¼




exp X0ijβþ αkKj þ δhjPj þ ηhCh
n o
(2) 
where Yj is a random variable taking values 
between 1 and 11ð¼ IÞ, zhj ¼ fkj; pj; Chg and 
γhj ¼ fαk; δhj; ηhg, with entries of the last two vec-
tors specified as follows.
First, we exploit individual-specific auxiliary 
variables to assign each female j to a cluster id kj 2
f1; . . . ;Kg with an associated random effect αk. 
Clusters are originated from (a) the k-means 
method on the Euclidean distance with 
a posteriori selection of the optimal number of 
clusters; (b) method (a) with a self-organizing 
map (SOM) (Kohonen 2013) grid as 
a preliminary step; and (c) the Chinese restaurant 
process (CRP) (Teh 2011) clustering method. All 
these methods avoid an ex-ante specification of the 
final number of clusters and have increasing ability 
in clustering large, complex data-sets handling dif-
ferent types of variables, as in our case.Figure 1. Construction of the eight choice sets (balls) from the discretization of the intervals of wwh (square).
1Number of females in C1; . . . ; C8: 388, 355, 356, 359, 353, 390, 382, 372..
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Second, we account for pj – the job chosen by the 
partner of female j in Ch – and the corresponding 
random effect δhj in order to model couple 
heterogeneity.
Third, we cope with choice-set heterogeneity by 
including the random effect ηh related to the Ch 
assigned to female j and her partner.
Moreover, we adopt a Bayesian approach to 
inference, embedding Equation 2 in the following 
hierarchy: 
Yjjh,Multinomð1; πjÞ " j ¼ 1; . . . ; n
logitðπijÞ ¼ xij0βþ zhj0γhj
β,Nðμβ;VβÞ; γhj ,Nð0;VγÞ; Vγ , IWðΨ; νÞ;
(3) 
where πj ¼ fπ1j; . . . ; πIjg is the vector of ‘success’ 
probabilities for each alternative in Cj, β and γhj are 
assigned vague Gaussian priors, and, finally, the 
random effect (co)variance matrix Vγ is taken to 
be an inverse-Wishart (IW).
III. Results
The analysis under Model (3) has been conducted 
in R. A preliminary Chi-square test confirms dif-
ferences in the I job-type frequencies, justifying the 
use of a Multinomial model.
Cluster id kjs are obtained, given ‘auxiliary’ vari-
ables, as follows. Method (a) identifies, with the 
analysis of 30 indices (package NbClust), two dis-
tinct clusters as well as method (b), which is based 
on the construction of a5� 5 SOM grid (package 
kohonen), while, method (c) recognizes a more 
satisfactory partition of the sample composed of 
four groups (package CRPClustering). Cluster 
peculiarities are shown in Table 2.
A Markov Chain Monte Carlo method with 
a block Gibbs sampling algorithm is implemented 
to estimate Bayesian model coefficients: we run 
44,000 iterations, with a burn-in of 4,000 and 
a thinning interval of 10 (package MCMCglmm). 
Hyperparameters are: μβ ¼ 0, Vβ ¼ I4 � 10
10, where 
Ir is a r � r identity matrix. The residual covariance 
matrix was 1I�102 � ðII  1 þ UÞ, where U is a ðI   1Þ �
ðI   1Þ unit matrix, while Ψ is II  1.
Point estimates under Model (3), compared to the 
ones under a Multinomial Logit model (MLM) 
(McFadden 1974), are shown in Table 1, juxtaposing 
different clustering methods to absorb female 
heterogeneity.
MMLMs always over-perform the MLM 
(according to DIC) and show a larger number 
of highest posterior density (HPD) intervals 
bounded away from zero. In particular, the 
MMLM with CRP captures the best female par-
tition. The CRP, indeed, simultaneously clusters 
females and defines the number K of groups 
(treated as an unbounded random variable) 
non-parametrically. The CRP is a distribution 
over cluster assignments that parsimoniously 
identifies groups, i.e. heterogeneity, a posteriori 
and in a more satisfactory way than the other 
methods.
Therefore, for the majority of selected covari-
ates, the MMLM with CRP leads to point 
Table 1. Bayesian estimates for females in couples under MLM and MMLM.
MLM MMLM (a) MMLM (b) MMLM (c)
k-means SOM CRP
c2 −0.076 0.113 0.273** 0.09
c3 −0.092 0.159* 0.106 0.067
c4 −0.125 0.267*** 0.217* 0.128*
c5 −0.044 0.171** 0.134 0.096*
c6 −0.107 0.188*** 0.207** 0.149**
c7 −0.087 0.159** 0.064 0.183***
c8 −0.106 0.176*** 0.117 0.151**
c9 −0.055 0.203*** 0.165* 0.136*
c10 −0.142 0.140 0.127* 0.145***
c11 −0.122 0.221** 0.164* 0.103*
Hours 0.010 *** 0.006*** 0.005*** 0.003***
Wage 0.008 *** −0.004*** −0.002*** 0.002***
Tax −0.00021 *** 0.00007*** 0.00005 −0.00003
Age −0.007 *** −0.006*** −0.006*** −0.005***
Children −0.029 *** −0.012*** −0.070*** −0.047***
DIC 14,090.55 13,848.14 13,759.20 13,752.12
Obs. 2,955 2,955 2,955 2,955
***, **, * and ‘.’ indicate respectively that the 99.9%, 99%, 95% and 90% HPD intervals are bounded away from zero.
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estimates consistent with the economic theory 
(e.g. wage and tax), thus improving the inter-
pretability of the results. In Table 1, a negative 
tax effect explains female reactions to fiscal 
reforms, that is by reducing wwh for increments 
in the fiscal pressure. Analogously, an increasing 
number of children requires more free time. 
This model also describes preferences among 
job-types through positive, very often statisti-
cally significant, marginal effects compared to 
the non-working alternative c1 (see, e.g. c7 
and c10).
IV. Conclusions
In the test-bed for our methodological proposal, 
we consider only female in couples to avoid 
both identification and quasi-complete separa-
tion issues, and we limit multicollinearity (dif-
ferently from Colombino, 2015) by suitably 
selecting covariates. Our Bayesian MMLM spe-
cifications are more accurate and parsimonious 
than the ones proposed in the literature 
(Colombino, 2015), given their ability to simul-
taneously capture decision-makers’ and choice- 
set heterogeneity. To the best of our knowledge, 
this is the first time that, (not only) in this 
framework, heterogeneity has been indirectly 
captured via clustering to obtain more parsimo-
nious and accurate models, crucial for policy 
evaluation and simulations. Here, the CRP clus-
tering technique leads to the best model which 
guarantees higher precision when comparing 
different tax reform scenarios and when com-
puting labour supply elasticity. Finally, our 
methodological proposal can be directly adapted 
to different economic applications involving 
multiple sources of heterogeneity.
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